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Yesterday's Goldilocks Zone is Constraining Progress
Highly Detailed Bigger Models
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Trend of SOTA Models
Highly detailed
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TinyBERT: Distilling BERT for Natural Language Understanding
Xiaoqi Jiao'*] Yichun Yin**} Lifeng Shang?, Xin Jiang>
Xiao Chen?, Linlin Li®, Fang Wang'* and Qun Liu?
Key Laboratory of Information Storage System, Huazhong University of
Science and Technology, Wuhan National Laboratory for Optoelectronics
“Huawei Noah’s Ark Lab TR
{ y i n . . . . .
{che DistilBERT, a distilled version of BERT: smaller,

faster, cheaper and lighter

Victor SANH, Lysandre DEBUT, Julien CHAUMOND, Thomas WOLF
Hugging Face
{victor,lysandre, julien, thomas}@huggingface.co
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Bigger Models

Zero-shot One-shot Few-shot
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Our Mission

Shaping the next-generation ML / DL
computing system to accelerate the full
model spectrum
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How do we break out of the
Godilocks Zone?

Fundamental advances required
at all layers of the SW/HW stack.
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The SambaNova Systems Advantage

Application innovations

Algorithms High model accuracy

Compiler

Architect
rchitecture High compute efficiency
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Part 1.

Enabling higher compute efficiency



Architecture: Reconfigurable Dataflow Unit (RDU)

Parallel Patterns Array of reconfigurable compute, memory and communication
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Spatial Dataflow Within an RDU

The old way: The Dataflow way:
kernel-by-kernel spatial
Mul > T e XN
Norm S 1 G \ n.....|
Softmax ‘/A, lﬂ:(!‘ :.:.:.:
Result / -..R:l.J..
/

SambaFlow eliminates overhead and
maximizes utilization
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Rapid Dataflow Compilation to RDU

Input Data
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Uncompromised Programmability and Efficiency
Breaking out of the programmabllity vs. efficiency tradeoff curve
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The SambaNova Systems Advantage

Achieve low time-to-accuracy

Algorithms High model accuracy

Compiler

Architecture
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Part 2. High model accuracy:

+ Pure 16-bit FPU training
+ Asynchronous pipeline parallelization



Low Precision (< 32-bit) Training

Binarized Neural Networks: Training Neural Networks with Weights and Recurrent Neural Networks With Limited Numerical Precision

Activations Constrained to +1 or —1
Joachim Ott*, Zhouhan Lin*,Ying Zhang*, Shih-Chii Liu*, Yoshua Bengio*!
*Institute of Neuroinformatics, University of Zurich and ETH Zurich

Matthieu Courbariaux*! MATTHIEU.COURBARIAUX @ GMAIL.COM . ot.tJ@ethz -ch, shih@ini ..ethz. ch . .
Itay Hubara*? ITAYHUBARA @ GMAIL.COM *Département d’informatique et de recherche opérationnelle, Université de Montréal
gani::lls;)ud'r{“ DANIEL.S(ZUDRY@GMML.COM TCIFAR Senior Fellow
an El-Yaniv RANI@CS.TECHNION.AC.IL . .
Yoshua Bengio' 4 YOSHUA.UMONTREAL @ GMAIL.COM {zhouhan.1in, ying. zhang}@umontreal -ca

!Université de Montréal

2Technion - Israel Institute of Technology

3Columbia University

4CIFAR Senior Fellow

*Indicates equal contribution. Ordering determined by coin flip.

Training Deep Neural Networks with 8-bit Floating
Point Numbers

Naigang Wang, Jungwook Choi, Daniel Brand, Chia-Yu Chen and Kailash Gopalakrishnan
IBM T. J. Watson Research Center
Yorktown Heights, NY 10598, USA
{nwang, choij, danbrand, cchen, kailash}Qus.ibm.com

Higher system efficiency, minimal impact on acc. for specific models
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Efficiency of Low Precision Floating-point-units (16 vs. 32-bit)

1.5X lower chip area

3X higher energy efficiency

1.5X higher throughput

1. Horowitz. ISSCC 2014
2. Galal et. al. ISCA 2013
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Mixed Precision for Generic DL Training (16 + 32 bits FPU)

H NVIDIA / apex G PyTorch

A PyTorch Extension: Tools for easy mixed precision Table of Contents

5[5 BSD-3-Clause License = 1F TensorFlow

v 4.7k stars % 632 forks
T [ e AUTOMATIC MIXED PRECISION

PACKAGE - TORCH.CUDA.AMP
TensorFlow > Learn > TensorFlow Core > Guide
Mixed precision
lllusion:

16-bit FPU alone is not enough to maximize model acc.
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Can we support only 16-bit FPU on accelerators

&

achieve model acc. matching 32-bit training?



Pure 16-bit (BFloat16) FPU Training

Data Flows Multiply-Accumulation Units

Y

16 bit 16 bit

16-bit 16-bit

Gradient

Weight update ’
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Activation

Forward &

Accumulator

Nearest rounding

Primary source of numerical error




The Accuracy Challenge

BERT MNLI

I 16% acc. gap

0
i

Accuracy

—W— 32-hit
—f— Standard 16-bit

)
i

0 5K 10K 15K
[terations

Standard 16-bit FPU training degrades model accuracy
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The Devil: Nearest Rounding(NR) for Model Weight Updates

w1 = Q (’wt — avfa(t) (’wt))

Model weight \ Minibatch

Nearest Rounding

Rounding

Model weights halt when ® ?‘ ®
updates becomes small ) e

O O O
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The Devil: Nearest Rounding (NR) for Model Weight Updates

Theory sketch for least-squares regression

Machine precision

J

] ]

Optimal solution j-th dim of the optimal solution

lw; — w*|| > O (e min ] )

Inaccurate weight update fundamentally degrades convergence
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Stochastic Rounding to the Rescue

Higher probability

£
| ® ® O | ®

U/

Lower probability

Intuition
The expectation of unbiased estimates is as accurate as weights w/o rounding

Q]SambaNovor ©2021 SambaNova Systems 24

SSSSSSS



Kahan Summation as Alternative Enhancement

Auxiliary 16-bit values to track and correct weight update errors from NR

Large weight Small update
+ (- Em) =
l Nearest rounding

Next iteration Rounded new weight Error
( Rounded new weight [ Weight Weight ) - Update

Auxiliary 16-bit value

QSSQSWRC!NOVG ©2021 SambaNova Systems 25



Experiment:

Pure 16-bit training can match 32-bit training in model acc.

—¥— 32-bit —&— 16-bit stochastic —4— 16-bit Kahan —#— Standard 16-bit

ResNet-50-ImageNet, DLRM-Terabyte BERT-Wikil03
5375 80 *9- 100 Sy
: 2 :
§ 50 = e
<
25 | 70 | 0 | ,
145K 290K 42K 85K 10K 21K
[terations [terations [terations
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Summary

With support for

£

& :
® O O Weight @ Update + ) = New weight

Stochastic rounding Kahan summation

Accelerators with only 16-bit compute units can match acc. of 32-bit training

QSambaNovor ©2021 SambaNova Systems 27
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o
Model (Pipeline) Parallelism =. J Synchronization barrier
[
[
Loss B SR | |vpiae | Stage3
/ ~a = B, | | update Stage 2
Compute unit 3 F3 " B3 B B, I . stage 1
Compute unit 2 |;2 - Bt Fo Time B. : Update Stage 0
t v i
Compute unit 1 F1 > B1
! v Fso | Fa1 | Faz | Fas| Bas | Bsz | Bas | Bao Update | STage 3
Compute unit 0 F0 > B0 N U o o | 8 | 52 | B e Stage 2
AN / Fio | F11 | Fi2 | Fis Bis | Biz | Bi1 | Bio Update | Stage 1
Gradients Foo | Fo | Foz | Fos [ Bubble } Bos | Boz | Bos | Boo | Update |  Stage O

Microbatches
1. Huang et. Neurips 2019

QSSQSITIRGSNOVG" ©2021 SambaNova Systems



Model (Pipeline) Parallelism: Are we there yet?

Throughput I

Conventional processor pipeline

# of pipeline stages I

Model training pipeline with synchronization barrier

Utilization

# of pipeline stages I

©2021 SambaNova Systems
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How much utilization do we really need to sacrifice?
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Async. Pipeline Parallelism Steady State
W;; Stage i weight after j-th update M; i-th minibatch

®

SSSSSSS

» ﬂ" ("L

= Om 1 O £ Om
@ Onw @ Om @ O

Goal: No hardware sacrifices!

©2021 SambaNova Systems
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Async. Pipeline Parallelism Steady State
W;; Stage i weight after j-th update M; i-th minibatch
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-,
1

M 4

M, uses W, o for forward and W, 5 for backward: delay = 5
M, uses W3 4, for forward and W, 5 for backward: delay = 1
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Houston, we have a problem.
ResNet 50: Cifar 10
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Epoch

=—=nalive async

151
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Key Insight: Scale your
learning rate
proportional to the

delay.
O = min
Chris De Sa

(sync
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Maximize efficiency with no accuracy compromise

96.00 ResNet 50: Cifar 10 ' Transformer: IWSLT
588 °

94.00 ‘

92.00 ' **°SYNC - SN
>, 5.38 o
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5 % .
S 88.00 = \
< N )
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‘e \
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°q -y
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The SambaNova Systems Advantage

Application innovations

Algorithms

Compiler

Flexibility
and
Efficiency @{ Architecture

QSGmbGNOVG" ©2021 SambaNova Systems
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Part 3. Model Innovations:

Powered by our architecture and algorithm



Computer Vison
Evolution of high-resolution Deep Learning

B e e
HE S E
g E e s
A e E

Low-resolution
(e.g. cats)

4k images
(e.g. Autonomous driving)

©2021 SambaNova Systems

50k x 50k
(e.g. astronomy,
medical imaging, virus, ...
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No Compromise High-Res Segmentation

Classic:

L BB

info sub- =

. o | HEN 83.1%

Loses

=1 1.

SOTA 10U
conv conv Tiled output

SambaNova: ... e 89.6 ;o

Fullimage RV # input

processing

Tiled input conv conv

Full output

Training w/o information loss from full-image processing

QSOmbGNOVG" ©2021 SambaNova Systems 37

SSSSSSS



High-Res Pathology with Slide-level Label (TCGA)

Train with Patch label = slide label
MSI MSS

2338 2-3m
2518 2--5m

F Sug I Sugd -

4 |
s "

3
2
]
4

HEEE EEN
v v

[ |
m——

Tissue slides
(60k x 40k)

-
Voting at slide level

Noisy patches limits model accuracy

QSOmbGNOVG” ©2021 SambaNova Systems
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High-Res Pathology with Slide-level label (TCGA)

MSI "I MSS

QZSgSmEbMGSNOVG“ ©2021 SambaNova Systems
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Recommender Models
The backbone of many intfernet services

Entertainment Social Media E-Commerce
« [

' Mazon
hulu m amazo
NETELIN @ ebay

QSGmbGNOVG" ©2021 SambaNova Systems

sssssss

@Qlibaba.com“

Consumer Services

mastercard
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Recommender systems

I
N s

dense features sparse features

_/"
Embedding Lookup  NNs Interactions NNs

Key common component: Sparse embedding feature

QSGmbGNOVG" ©2021 SambaNova Systems
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Recommender systems

More embedding features, more accuracy

96GB 192GB
Criteo TB 48GB 17GB 34GB
- 24GB g 4GB

4.3GB
1268 4>¢
2.2GB
6GB
1.1GB
793 3GB
0.55GB
5 1.5GB
0.26GB

79.1
128 256 512
Embeddlng Dimensionality

Train Accuracy

N
(o]
N
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State-of-the-art accuracy on DLRM

80.46%

SOTA

World Record DLRM Training Accuracy

0.805

S 0.8
<
S
©
ACcuracy
3
0.79
e==s1 RDU (batch size 3k, emb dim 1024)
0.785 a8 GPUs (batch size 32k, emb dim 128)
3 3 7 e \IL Perf threshold
o
0 10 20 30 40 50 60 70 80 90
Faster Step-to-accuracy
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Bigger isn’t always better...but it is sometimes.

Training Performance 54 metal (CPU. FP32)
Embed Dim 128 Embed Dim 256 Embed Dim 512
- m4GB - -
2 3 = 8GB 2 =16 GB
2 m 163GB g =327 GB 3 =655 GB
£ £ <
e e
RDU CPU

SambaNova scales to training massive recommender models

QScmbaNova ©2021 SambaNova Systems 44
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Natural Language Processing

Breakthrough efficiency in NLP model online deployment

e aws Google
N/

SZANZINRNZL ... BNZE Y | 2
Wi | vl | W YA —> 1 4
Siri, what is the whether in SF?

Distilled tiny Bert model Short sequence input

SmSGmbGNOVd ©2021 SambaNova Systems
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Breakthrough Efficiency in NLP Model Online Deployment

Inference Latency on TinyBERT (Lower is better)

“ 3.4X > SN RDU
c o o

*é, < 5.8X > SN RDU
[0

2

& < 8.7X SN RDU
O

[}

()

64

SN RDU

32

Latency (batch size 1)

Enable up to 11X speedup for online training and inference
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Pretraining and Finetuning

WIKIPEDIA

StackExchange=

Free Law
Project

0
3
:@ﬁ

Pre

ining

v

Specialize
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Finetuning

Deploy Application




Domain Adaptation

Medical

©2021 SambaNova Systems

Finance
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Scaling Laws for Neural Language Models

7
—o— WebText2 (Test)
6 —o— Internet Books
—eo— Books
5 - —e— Wikipedia
n Common Crawl
n
(@)
p— 4
—
%)
(«b)
~
3

S10% 105 108 107 108 10°
Parameters (non-embedding)
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Application accuracy
improves as the size of
the language model
increases




Pretraining and Finetuning

WIKIPEDIA

StackExchange=

Free Law
Project

O
3
:@ﬁ

Pre

ining

v

Deploy Application

Language Models are Few-Shot Learners
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GPT Family

0.3

Billion

BERT

Currently training

\
| \

GPT2-XL GPT3-13b
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Will start training next month

GPT3
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